We investigate incidence and evolution of patent thickets. A theoretical model of patenting encompassing complex and discrete technologies is introduced. It is shown that de- 
Introduction
Strong increases in the level of patent applications have been observed at the United States Patent and Trademark Office (USPTO) (Kortum and Lerner (1998) and Hall (2005) ) as well as the European Patent Office (EPO) (von Graevenitz et al. (2007) ). These "patent explosions" pose serious challenges for existing patent systems and also for competition authorities. 1 Explanations for the shift in patenting behavior concentrate on changes in the legal environment, changing management practices, the complexity of important technologies such as semiconductors, greater fecundity of technology and increased strategic behavior on the part of firms. While it has been shown that most of these factors play a role empirically, there are no formal models of patenting behavior that explicitly model these influences.
2 This paper provides a model that encompasses complexity and fecundity of technology as well as strategic behavior. A new measure of complexity of blocking relationships is introduced to make the model testable. We show the predictions of the model hold using European patent data. Using the measure of complexity of blocking, we are also able to characterize extent and intensity of patent thickets in Europe. Kortum and Lerner (1998) have investigated the explosion of patenting at the USPTO, which began around 1984 (Hall (2005) ). By a process of elimination Kortum and Lerner (1998, 1999) argue that the shift towards increased patenting is mainly the result of changed management practices making R&D more applied and raising the yield of patents from R&D. In contrast, Hall and Ziedonis (2001) argue that the patenting surge is a strategic response to an increased threat of hold-up in complex technologies. This threat resulted from the "propatent" legal environment ushered in after the establishment of the Court of Appeals for the Federal Circuit in the United States (Jaffe (2000) ). In this changed environment hold-up ensues if blocking patents are enforced through the courts. Complexity of a technology implies that patents are naturally complements and therefore hold-up is likely to arise in the process of negotiations over licenses if firms enforce their patents (Shapiro (2001 (Shapiro ( , 2006 ). Neither Kortum and Lerner (1998, 1999) nor Hall and Ziedonis (2001) find any evidence for the influence of technological opportunity on patenting in their studies.
Our model of patenting covers complex and discrete technologies. It shows how technological opportunity, complexity of a technology and patenting costs jointly determine the rate of patenting. We model the choice between pursuing new technological opportunities and deepened protection of existing technologies by patenting of "facets" of the technologies. The model shows that firms in a complex technology should patent less in response to increasing technological opportunity. Additionally, the model indicates that greater complexity of a tech-1 For extensive discussions of the policy questions surrounding current functioning of the patent systems in the United States and in Europe refer to National Research Council (2004) ; F.T.C. (2003); Jaffe and Lerner (2004) ; von Graevenitz et al. (2007) and Bessen and Meurer (2008) . 2 Formal models of patenting abound, for a survey of this literature refer to Scotchmer (2005) or Gallini and Scotchmer (2002) . Formal models of patenting in patent thickets do not attempt to span both complex and discrete technologies as we do here: Bessen (2004) , Clark and Konrad (2005) and Siebert and von Graevenitz (2006) . These models usually build on the older patent race literature pioneered by Loury (1979) , Lee and Wilde (1980) ; Reinganum (1989) and Beath et al. (1989). nology will raise firms' incentives to patent. These effects result from strategic interactions of firms using a complex technology: greater technological opportunity reduces the pressure on firms to defend their stake in existing technologies by patenting heavily, whereas greater complexity increases the scope for hold-up and raises the need for strategic build-up of patent portfolios.
To test the model we use a comprehensive dataset based on EPO patent data. It comprises information on patenting behavior between 1987 and 2003. Our paper considers patenting across the full range of patentable technologies. This allows us to identify differences in patenting behavior between complex and discrete technologies. We construct a novel measure of the complexity of blocking in a technology based on information specific to European patents. Our measure exploits the fact that patent examiners at the EPO indicate which prior patents block or restrict the breadth of the patent application under review. We count how often three or more firms apply for mutually blocking patents within a three year period.
This gives rise to a count of mutually blocking firm triples. The measure captures effects of complex blocking relationships which arise in technologies even if patent ownership remains relatively concentrated. We validate this new measure by showing that greater incidence of such complex blocking relationships corresponds well with existing measures of technological complexity, such as the one suggested by Cohen et al. (2000) .
Additionally, a measure of technological opportunity is needed to test our hypotheses. We use the extent to which patents reference non-patent literature for this purpose. (Meyer (2000) ; Narin and Noma (1985) ; Narin et al. (1997) ) show that the share of references pointing to nonpatent literature (mostly scientific publications) can be a good proxy for strength of the science link of a technology. Variation in the strength of the science link within a technology area will indicate how much technological opportunity there is at a given time.
Patenting behavior is known to be highly persistent, due to the long term nature of firms' R&D investment decisions. We control for the persistence of patenting which arises from long term R&D investment decisions by including a lagged dependent variable in the empirical model. The model is estimated using systems GMM estimators (Blundell and Bond (1998) ; Arellano (2003) and Alvarez and Arellano (2003) ) to control for endogeneity of the lagged dependent variable. Additionally we treat our measures of technological opportunity and complexity as predetermined. Evidence from GMM regressions as well as results from OLS and a fixed effects estimator support theoretical predictions we derive from our model.
Our results can be used to compute quantitative measure of the extent to which patent thickets exist within the patent system administered by the European Patent Office (EPO).
Our data indicate that incidence and complexity of these thickets are increasing. There are important institutional differences between the patent systems administered by the USPTO and the EPO: in particular, it is claimed that examination of patents is more thorough at the EPO and that the opposition system existing there provides a cheaper way for rival firms to weed out weak patents than patent litigation does in the United States (Hall and Harhoff (2004), von Graevenitz et al. (2007) ). Therefore, it is not a foregone conclusion that patent thickets also affect the European patent system. Our results show that strategic patenting behavior has become very important in technology areas central to productivity growth in recent years (Jorgenson and Wessner (2007) ).
The remainder of this paper is structured as follows. Section 2 provides a theoretical model of patenting which explains firms' patenting strategies. We derive three hypotheses from this model that are empirically testable. In Section 3 we describe our dataset and the variables we employ to analyze firms' patenting behavior. As there is little cross industry evidence of patenting trends at the EPO, Section 4 provides a descriptive analysis of these trends, focusing particularly on our measure of complexity and alternative measures thereof. Section 5 provides the empirical model and results and Section 6 concludes.
A Model of Patenting
In this section we model firms' patenting behavior. In particular, we analyze how firms' profit maximizing patenting decisions are influenced by the cost of patenting, existing technological opportunity and the complexity of the technology area in which firms patent. Before presenting our formal model we discuss the mechanisms modelled below.
Discussion
We model firms' patenting efforts as a function of the complexity of the underlying technology.
Technological complexity is modeled by appealing to the widespread notion that products relate to a (potentially large) number of patents held by various different patentees in a complex technology. In contrast a direct product-patent link dominates in a discrete technology.
In order to measure complexity, we distinguish technology opportunities (O) representing separate sub-technologies within a technology area and facets (F ) of these sub-technologies. For example, a technological opportunity might be constituted by research related to the development of a certain chemical compound in organic chemistry, the search for a drug in the pharmaceutical area or the development of a specific circuit in electronics. Complexity within these technology opportunities arises if it is possible to patent several facets F within an opportunity. Where only one facet of an opportunity can be patented, the technology is discrete. At least two facets must be patentable to introduce situations in which different patentees own patent rights related to the same technology. We define a technology to be complex if F > 1. An increase in the number of patentable facets increases the potential number of patentees owning patents relating to the same technological opportunity. Hence, we capture complexity of a technology by the number of patentable facets. Figure 1 presents a graphical representation of this idea.
The total set of patentable facets in a technology (Ω) consists of O technology opportunities and F facets such that: F O = Ω. Variation in the two dimensions of this set arises for different reasons. Changes in the number of technology opportunities that are available at a specific time will affect O. This dimensions must be thought of a being exogenous in the short run, but endogenous in the long run as current research efforts will open additional new opportunities in the future. In contrast the number of facets which are patentable on a given opportunity depends mainly on institutional and legal factors. Most importantly the breadth of patents will determine how many facets are patentable. The broader each patent the fewer facets will be available on a given technological opportunity. Additionally, the ability of a patent office to prevent overlap of patents will matter to the number of facets that are available. If a patent office has few resources to check patent applications carefully it is likely that many granted patents overlap. Where firms anticipate this, the effective breadth of each patent application is reduced and more facets become available for patenting.
We assume each firm knows there is a contest for patents on the facets of a technologial opportunity. The probability of obtaining a patent on a facet is inversely proportional to the number of rivals seeking to patent the facet. This assumption introduces competition for patents into our model; it captures the fact that a patent defines a subspace of technology space within which rival firms cannot patent. In our model patenting allows firms to benefit from the total value (V ) of a technological opportunity. To capture maximum value of the technological opportunity a firm must obtain as many patents as possible on facets of the opportunity. Firms face a tradeoff between patenting more facets per opportunity and patenting more different technology opportunities. The benefits of patenting B are a function of the value of each technological opportunity V and of the expected share of facets s i each firm receives a patent on: B = V ω(s i ). Here ω represents a function mapping the share of received patents s i into the share of value captured by the firm. We assume that
Now define the expected share of facets per patent which each firm obtains as s i ≡
Here f i is the number of facets each firm invests in per opportunity, F represents total available facets per opportunity and p represents the probability of winning a patent on a given facet. The probability of obtaining granted patent on a given facet is:
This definition of the probability of obtaining a patent on a facet of a technological opportunity reflects our assumption that there is a contest between several firms for each such patent. Then the probability of obtaining the patent depends on the number (n) of rival firms simultaneously trying to obtain the patent. Each firm vying for a patent on a facet will win that patent with p = 1 1+n
. In the expression above we assume that all rival firms make j =i f j o j patent applications. Dividing these by the set of all patentable facets F O we obtain the number of rivals' patent applications that compete with each firm's own applications.
The interpretation of s i is not entirely trivial. Consider what happens if all firms taken together only apply for patents on a subset of the facets available for a given opportunity. Then the model, as presented here, indicates that a firm that obtained patents on all of the facets which received at least one application, would not receive V . It would receive only a fraction of V equal to ω(f i F ). This interpretation of the model is adequate for technologies for which we believe that each new patent protects something of value to society. If we adopt a more cynical attitude to the value of the average patent for society, then we might be inclined to argue that granted patents just represent bargaining chips. In this case the value of a technological opportunity is divided according to the number of facets actually patented by all firms (F ) and s i = f i p F . We show in Appendix A that this version of the model has the same implications as the model we present here.
As the number of facets per opportunity grows, so does the probability that different firms will own patents related to the same opportunity. Hold up becomes increasingly likely. Therefore, firms need to disentangle their ownership rights, giving rise to legal costs (L). We do not explicitly model the bargaining process between firms that own patents on the same technological opportunity. The literature on patent thickets and complex technology shows that there are many institutional arrangements that allow firms to disentangle overlapping property rights -these include licensing, patent pools, standard setting as well as litigation (Shapiro (2001) ). Irrespective of the precise mechanism firms may use to prevent or resolve hold up, the patenting explosion is driven primarily by the assumption that firms with larger patent portfolios benefit substantially from the size of their portfolios in reducing the costs of hold up. Therefore, we assume that firms which own a greater share of patents on a technology opportunity have lower legal costs (
. This assumption is consistent with the arguments advanced by Ziedonis (2004) to explain patent portfolio races in the semiconductor industry. Three additional sources of patenting costs are recognized in our model:
i For each opportunity a firm invests in, it faces a fixed cost of R&D:
ii For each facet which a firm patents the firm faces costs of administering and enforcing the patent if it is granted: C a .
iii The coordination of R&D on different technologies imposes costs C c (o i ). We assume that
Given these benefits and costs the expected value of patenting in a technology area is:
where total legal costs of owning patents on an opportunity are L(s i ) which decrease in the share of facets owned on that opportunity. ω(s i ) represents the share of value of a technological opportunity obtained by firm i. It is an increasing function of the firm's share of patents held on a given opportunity.
Note that technological opportunities in this model are represented by the number of different technologies (O) which offer patentable facets within a technology area. Here, increases in technological opportunities do not directly affect the efficiency of R&D efforts as in an earlier literature focusing on R&D efforts and spillovers (Levin and Reiss (1988) ). Rather technological opportunities in our model increase the size of the patentable domain for firms. The direct effect is the same -in a discrete technology firms' R&D efforts increase. We show here that in a complex technology in which firms do R&D in order to patent the overall effect of increased technological opportunities will be reversed: firms will direct less R&D towards patenting and will apply for fewer patents.
Solving the model
To simplify the derivation of comparative statics results we show that the game firms are playing is supermodular. Then we use results on supermodular games to derive comparative statics results (Milgrom and Roberts (1990) , Vives (1990 Vives ( , 1999 ). 3 We define a symmetric game in which firms' payoffs depend on own strategies and the aggregate strategy of their rivals. Additionally we will assume that strategy spaces are compact. These assumptions imply that only symmetric equilibria exist (Vives (1999) ). Additionally, we can characterize the comparative statics for these equilibria by considering cross-partial derivatives. We begin by characterizing the game firms are playing:
• There are N + 1 firms.
• Each firm simultaneously chooses the number of technological opportunities
and facets f i ∈ [0, F ] to invest in. The firms' strategy sets S n are elements of R 2 .
• Each firm has the payoff function π i , defined in equation (2), which is twice continuously differentiable and depends only on rivals' aggregate strategies.
Firms' payoffs depend on their rivals' aggregate strategies because the probability of obtaining a patent on a given facet is a function of the sum of rivals' patent applications i =j f j o j . We can show that:
Proposition 1
The game is a smooth supermodular game.
To prove this proposition we must show that the firms' profit functions are supermodular (i) in their own actions and (ii) in every combination of their own actions with those of rival firms (Milgrom and Roberts (1990) ).
To begin with we derive the first order conditions characterizing the optimal number of technological opportunities and facets firms invest in:
These first order conditions constitute a system of implicit relations which determine the optimal choice of opportunities (Ô i ) and facets (F i ) chosen by each firm in equilibrium.
Given this system of first order conditions we can show that firms' profit functions are supermodular. To see this we derive the cross partial derivatives with respect to firms' own actions as well as those of rival firms:
Notice that this expression must be zero as it can be transformed to the first order condition (4) for the optimal number of facets by multiplication with o i . Next consider effects of rivals' actions on firms' own actions:
where the first two conditions are transformations of the first order condition for the optimal number of facets (4). In case of the lower two conditions notice that the first term in square brackets is zero as it is just that same first order condition. The terms in the second set of brackets are negative if:
i) the marginal share of value appropriated with additional facets of a technology is decreasing:
ii) legal costs fall at a decreasing rate as firms' share of facets on a technological opportunity increases:
At least one of these two conditions must be fulfilled for the game outlined above to be smooth supermodular. Condition (i) indicates that as a firm's share of patents on a technological opportunity increases, the marginal value of additional patents is decreasing. For this assumption to hold a firm with some patents on a technological opportunity must be able to make use of the technology covered to some extent in the face of blocking patents. 4 . Additionally, there must be decreasing returns to additional patents. In contrast if any one patent on a technological opportunity blocks the use of the technology entirely, the assumption is violated.
5
Condition (ii) indicates that firms' legal costs of appropriating a share of the value of a technological opportunity fall if they own a larger share of patents on that technological opportunity. This assumption reflects the widespread belief that larger patent portfolios are beneficial to firms operating in technology areas that fall within complex technologies because they provide firms with bargaining chips (Hall and Ziedonis (2001) ). The greater firms' patent portfolios, the easier it is to threaten countersuits against any firms that are holding up a firm. Our assumption requires decreasing returns to heaping up bargaining chips.
Conditions i and ii are more likely to hold as the complexity of technologies grows. At low levels of complexity the full nonlinearity of the share of value appropriated by firms or of legal costs, in the share of patents firms own on a technological opportunity, is not likely to be strong. Then the game will be at best weakly supermodular. At higher levels of complexity we expect at least condition ii to hold. Note that the game will not be smooth supermodular if the technology is not complex. By definition in that case there is only one facet (F = 1) per technological opportunity. Then firms appropriate the whole value of the technological opportunity with one patent and the second derivatives in (8) and (9) are zero. We will return to this case below. Now we turn to the comparative statics effects of an increase in technological opportunity on firms' actions. We show that:
Proposition 2
Greater technological opportunity reduces firms' patenting efforts as complexity of technologies grows.
To determine the effects of an increase in technological opportunity O we investigate the following cross-partial derivatives:
The terms in square brackets in both expressions above are zero by the first order condition (4) for the optimal number of facets. The term in round brackets in equation (11) is negative if the game is smooth supermodular, i.e. if the technology is complex. Therefore, greater technological opportunity lowers firms' overall investments in patenting. It reduces the intensity of competition to dominate individual technological opportunities which lowers investments in facets and the number of new technologies which firms invest in. Now we turn to the question how an increase in the complexity of a technology affects firms' incentives to patent. We find that the effect is ambiguous and depends on the relative strength of two effects: the costs of administering more patents and the marginal benefits of additional patents. Only if these marginal benefits are high enough will the term be positive.
To see this consider the following cross-partial derivatives:
Here the terms in square brackets are zero by the first order condition (4) for the optimal number of facets. The term in round brackets in equation (13) is positive if the costs of administration of patents C a are insignificant. This shows that:
Proposition 3
Greater complexity of a technology will increase firms' patenting efforts if the costs of administering patents are low relative to their value as bargaining chips.
Finally, consider again the case of a discrete technological opportunity. Here F = f i = 1 by definition. Therefore firms' payoffs are defined as:
We have already noted that a game with this payoff function is no longer supermodular. However we can show that under the slightly stronger assumption that costs of coordinating technological opportunities (C c (o i )) are strictly convex in the number of opportunities firms invest in, we obtain a unique equilibrium for the game. We can then demonstrate that:
Proposition 4
Greater technological opportunity increases firms' patenting efforts in a discrete technology.
To see that this is true consider the first and second order derivatives of the payoff function with respect to technological opportunities invested in:
If we assume that costs of coordinating technological opportunities are strictly convex:
0, then Proposition 4 can be proved with the help of the implicit function theorem:
where
To conclude our analysis of the model we offer remarks on the relationship of Propositions 2 and 4. The reversal of Proposition 4 as we move from F = 1 (Equation (14)) to F > 1 (Equation (2)) is a consequence of our assumptions about the function ω(s i ) which maps the share of patents held on a technological opportunity into the share of value of that opportunity obtained by a firm. This function captures our intuition that in complex technologies the marginal value share which a firm obtains through an additional patent may be decreasing in the size of the patent stock which the firm already owns. Propositions 2 and 3 hold only if this is the case. This cannot be the case if only one facet is available per technology opportunity.
Dataset and Variables
In this section we discuss the data used to test our theoretical model. In particular, a new measure of complexity of a technology is discussed. 7 This classification divides the domain of patentable technologies into 30 distinct technology areas. 8 We also classify selected technology areas as discrete or complex using to the classification of Cohen et al. (2000) . This classification received additional support in Hall (2005) . Below we show that there are clear differences between complex and discrete technologies on the basis of this distinction. However, we also provide a new continuous variable that captures the degree of complexity of technologies. We show that there are some differences between this variable and the classification suggested by Cohen et al. (2000) . In the following we discuss our measures of patenting, technological opportunity and complexity. These are the most important variables needed to test the theoretical model. Additionally, we discuss several variables that will be used as control variables in the empirical model 6 We currently use the September 2006 version of PATSTAT. 7 See OECD (1994), p. 77 8 These are listed in Table 8 in the appendix of section 5. These describe additional influences on firms' patenting intensity.
Measures of Patenting, Complexity and Technological Opportunity
Number of Patent Applications We compute the number of patent applications A iat filed by applicant i separately for all OST-INPI/FhG-ISI 30 technology areas a on an annual (t) basis. To aggregate patent applications to the firm level two challenges must be overcome: firm names provided in PATSTAT are occasionally misspelled and subsidiaries of larger firms are not identified in the dataset. Therefore, we devoted a considerable amount of resources to clean applicant names and to consolidate ownership structures. 9 The aggregation of patent applications are based on these consolidated applicants' identities. The variables discussed below are also based on this consolidation. Due to the skew distribution of patent applications we transform the variable logarithmically to derive a dependent variable for estimation. Table 3 shows the transformed variable is much closer to a normally distributed variable than the raw measure of patent applications. Early stages of the evolution of a technology are characterized by a large share of basic research often conducted in publicly-funded labs. In later stages of a technology industry driven development of existing technological opportunities will dominate basic research. Then the focus is on refining existing opportunities rather than creating new ones. While there is no perfect measure for the position of a technology area in the stylized cycle of technology evolution, the share of references listed on a patent which point to non-patent literature (mostly scientific publications) can be used as a good proxy for the strength of the science link of a technology (Meyer (2000) ; Narin and Noma (1985) ; Narin et al. (1997) ).
Therefore, we use the share of non-patent references relative to all references contained on a patent as a proxy for a patent's position in the technology cycle and hence as a measure for the creation of new technological opportunities. As we are interested in the characterization of technological areas with regard to the existence of new technological opportunities, we compute the average of the share of non-patent references relative to all references on a patent on the level of OST-INPI/FhG-ISI area a and year t for our multivariate analysis.
Complexity of Technology Areas
The distinction between discrete and complex technologies is widely accepted in the literature (Cohen et al. (2000) , Kusonaki et al. (1998 ), Hall (2005 ). Discrete technologies are characterized by a relatively strong product-patent link, e.g. in pharmaceuticals or chemistry, whereas in complex industries products are likely to build upon technologies protected by a large number of patents held by various parties. It is often held that patent filing strategies vary largely between discrete and complex industries.
Despite the widely acknowledged notion of a technology's complexity there is no direct measure of it nor is there an indirect construct related to complexity. Kusonaki et al. (1998) and Cohen et al. (2000) (footnote 44) provide schemes which classify industries as discrete or complex based on ISIC codes. These classification schemes are based on qualitative evidence gathered by the authors from various sources in order to separate different industrial sectors into complex or discrete areas. A major drawback of a classification based on prior information from industry codes is that is does not allow to analyze the influence of different levels of complexity but only to distinguish the binary cases discrete and complex.
To improve on this, we measure complexity of a technology area through firms' patenting activities. Our measure is derived from to the degree of overlap between firms' patent portfolios. Such overlap leads to blocking dependencies among firms. If existing patents containing prior art critical to the patentability of new inventions in a field are held by both firms, each firm can block its rival's use of innovations. Then, a firm can only commercialize a technology if it gets access to a rival's patented technology. In areas where products draw on technological opportunities protected by numerous firms (complex technologies) we expect to observe a large number of such dependencies. In discrete technologies the inverse should be true.
We capture blocking dependencies among firms by analyzing the references contained in patent documents. References to older patents or to non-patent literature are included in EPO patents in order to document the extent to which inventions satisfy the criteria of patentability (Harhoff et al. (2006) ). Often, existing prior art limits patentability of an invention. For example, the existence of an older but similar invention can reduce the patentability of a newer invention. In these cases critical documents containing conflicting prior art are referenced in patent documents and are classified as X or Y references by the patent examiner at the EPO during the examination of the patent application.
10 If the patentability of a firm A's inventions is frequently limited by existing patents of another firm B, it is reasonable to assume that the R&D of A is blocked by B to a certain degree. If the inverse is also true, A and B are in a mutual blocking relationship which we call a blocking pair. If more than two firms own mutually blocking patents the complexity of blocking relationships increases and resolution of blocking 10 A patent contains various different types of references -not all of them are critical. Often, related inventions which are not critical for the patentability of the invention seeking patent protection are also included in the patent document. The EPO provides a full classification of the references included in patent documents allowing us to identify critical references which are classified as X or Y. becomes increasingly costly. To capture more complex structures of blocking we compute the number Triples in which three firms mutually block each other's patents. Figure 2 provides a graphical example of our complexity measure.
From a computational perspective, pairs and triples are identified using the following approach: For each firm i we analyze all critical patent references contained in firm i's patents applied for in a technology area a over the current and the two preceding years (t − 2 to t) and identify the owners of the referenced patent documents. In the next step we keep the most frequently referenced firms (top 20) yielding annual lists of firms which are blocking firm i in year t.
11 Pairs are then established if firm A is on firm B's list of most frequently referenced firms and, at the same time, firm B is on firm A's list of most frequently referenced firms.
Finally, triples are formed if firm A and firm B, firm A and firm C and firm B and firm C form pairs in the same year. We include the total number of existing triples at in area a and year t in our regression in order to analyze how the complexity of a technology area influences firms patenting behavior in this area.
Control Variables
Fragmentation of Prior Art Ziedonis (2004) showed that semiconductor firms increase their patenting activities in situations where patent holdings are largely fragmented across different parties. Ziedonis' fragmentation index has predominantly been studied in complex industries (Ziedonis (2004) , Schankerman and Noel (2006) ) where increasing fragmentation has been found to increase the number of firms' patent applications. This has been attributed to 11 The threshold of keeping only the 20 most frequently referenced patent owners is an arbitrary choice. Our results are robust to different choices of the threshold level.
firms' efforts to reduce potential hold-up by opportunistic patentees owning critical or blocking patent rights -a situation which is often associated with the existence of patent thickets.
We construct an index of fragmentation of patent ownership for each firm based on the fragmentation index proposed by Ziedonis (2004) :
where s ijt is firm i's share of critical references pointing to patents held by firm j. Small values of this fragmentation index indicate that prior art referenced in a firm's patent portfolio is concentrated among few rival firms and vice versa.
Unlike previous studies of patenting in complex technologies relying on USPTO patent data (Ziedonis (2004) , Schankerman and Noel (2006) ) we base the computation of the fragmentation index solely on critical references which are classified as limiting the patentability of the invention to be patented (X and Y references). This distinction is not available in the USPTO data. Computing the fragmentation index based on critical references should yield a more precise measure of the hold up potential associated with fragmentation of patent holdings in a technology area.
Technological Diversity of R&D Activities A firm's reaction to changing technological or competitive characteristics in a given technology area might be influenced by its opportunities to strengthen its R&D activities in other fields. For example, if a firm is active in two technology areas it might react by a concentration of its activities in one area if competition in the other area is increasing. If a firm is active in only one technology area, it does not similar possibilities to react to increases in competitive pressure. In order to control for potential effects of opportunities to shift R&D resources we include the total number of technology areas (Areas i,t ) with at least one patent application filed by firm i in year t.
Size Dummies. While we do not explicitly model the influence of firm size on patenting behavior, it seems reasonable to assume that the cost of obtaining and upholding a patent depends on the size of a firm. In particular, larger firms might face lower legal cost due to economies of scale, increased potential to source in legal services and accumulation of relevant knowledge which in turn might lead to a different patenting behavior than smaller firms. For instance Somaya et al. (2007) , find that the size of internal patent departments positively influences firms' patenting propensity.
If the economies-of-scale argument holds, the cost of patenting should not be directly related to size characteristics such as a firm's number of employees, its total revenues or sales. Rather, the cost of patenting can be assumed to be a function of the total amount of patents filed by a firm. Therefore, we include a 'size dummy' variable based on the number of patents filed by a firm in a technology area in a given year in our regressions. We distinguish between small and large patentees. These size categories are based on annual patent applications in a given area a. Firms belonging to the upper half of the distribution of patentees in a given year are coded as large firms.
Descriptive Analysis of Patenting in Europe
In this section we provide descriptive aggregate statistics on patenting trends at the EPO. Discrete and complex technology areas are compared with regard to selected patent indicators.
Using our measure of complexity we show that descriptive evidence on patenting provides support for the theoretical model. We distinguish applications filed in complex and discrete technology areas using the categorization of Cohen et al. (2000) . The Figure shows patenting grew strongly over this period, with the main contribution coming from technology areas classified as complex. This development is comparable to trends at the USPTO. Hall (2005) shows that the strong increase in patent applications is is driven by firms patenting in the electrical, computing and instruments area all of which are complex technology areas by the classification of Cohen et al. (2000) . Now we turn to explanations for the strong growth in patenting. First, consider a leading explanation for increased patenting in complex technology areas: the fragmentation of patent rights in a complex technology area is likely to raise firms' transactions costs as they must bargain with increasing numbers of rivals in order to prevent hold up of their products. Ziedonis (2004) and Schankerman and Noel (2006) show that increased fragmentation of patents leads to greater patenting efforts in the semiconductor and software industries respectively. Two observations derived from Figure 4 are striking: First, fragmentation of ownership rights fell steadily before 1995 and then increased gradually thereafter. Second, the difference in the fragmentation index in complex and discrete technology areas is negligible. Both observations raise the question whether the growth in patent applications can be attributed to fragmentation alone. While the development of fragmentation in complex and discrete areas is almost identical we observe striking differences in the growth of patent applications between complex and discrete technology areas. Next we explore two explanations for the increase in patenting at the EPO that build on the theoretical model developed above: firstly firms build patent portfolios to strengthen their bargaining positions if complex bargaining situations are more likely to arise and secondly the pressure to obtain patents becomes more intense as technological opportunity declines. The first of these explanations is similar to the explanation for patenting derived from fragmentation of property rights: it also emphasizes transactions costs increases derived from bargaining over blocking patents. However, we believe that transactions costs also rise if a small number of firms own patent rights that depend on the rights of other firms that also block each other. Then, bargaining will become increasingly complex as blocking cannot be resolved through a series of bilateral negotiations. Our measure of mutual blocking between three and more firms (Triples) captures the degree to which complex blocking arises.
In Figure 5 this measure is presented. The Figure presents annual averages of the number of Triples in complex and in discrete areas. 13 We observe very different developments of the count of Triples in these two fields. The number of Triples remains largely stable at values well under 10 in discrete technology areas, while it increases strongly in complex technology areas. It is reassuring to see that our measure of complex bargaining situations is greater in complex technologies as previously defined by Cohen et al. (2000) . This shows that blocking intensities almost certainly contributed to the strong increases in patenting that we observe in Figure 3 . Next we turn to the development of technological opportunity. In our theoretical model Proposition 2 indicates greater technological opportunity in a complex technology should lower the pressure to patent. As noted in Section 3 we measure technological opportunity using changes in the rate of references to non patent literature within a technology area. This measure will provide information about variation in technological opportunity between and across technology areas. The left panel of Figure 6 shows that technological opportunity was generally greater in discrete technology areas after 1990, than in complex technology areas. The right hand panel of the Figure shows that the average level of non patent references in complex technology areas masks considerable variation across and especially within complex technologies over time. 13 We distinguish complex and discrete using the classification suggested by Cohen et al. (2000) here.
Note that the level of non patent references in the complex technology areas began to decline just after 1992, which coincides with the date at which the growth in patent applications at the EPO picked up as Figure 3 shows. These descriptive results suggest that a multivariate analysis of patenting levels based on the theoretical model presented above will prove to be interesting. To complete this section Table 1 provides additional information on the distribution of Triples across all 30 technology areas. This shows how significant the hold up potential measured by Triples is in the ICT technologies. The number of Triples is between five and six times as large there as it is in other industries such as Handling, Printing which still exhibit significant complexity.
The Empirical Model and Results
In this section we set out our empirical results. To begin with we provide a discussion of our empirical model and discuss descriptives for the sample. Then we turn to the results from estimation and a discussion of their implications.
An Empirical Model of Patenting
Building on the results of Section 2 we estimate a reduce form model predicting the level of patent applications filed by a firm in a given year at the EPO. Given that patent applications are highly persistent as they generally reflect long term investments in R&D capacity we include a lagged dependent variable in our model. We estimate the following dynamic relationship: This specification allows us to simultaneously control for effects of technological opportunity β O and complexity β C and to analyze whether the effect of technological opportunity differs in discrete an complex technologies by interacting both variables (O i,t C i,t ). Further, we also include interaction terms that allow us to distinguish the patenting behavior of large and small firms in complex and discrete technologies. We do this as our theoretical model indicates that firms' patenting behavior will depend on the share of patents they expect to receive on a given technological opportunity.
The parameter estimates from this specification allow us to test the following hypotheses that reflect the predictions derived from the theoretical model:
H1 : Increased technological opportunity lowers the level of patent applications as technologies become more complex (Proposition 2); H2 : Increased complexity of a technology raises the level of patent applications in complex technologies (Proposition 3); H3 : Increased technological opportunity raises the level of patent applications in discrete technologies (Proposition 4).
Hypothesis H2 reflects our belief that the strategic value of patents outweighs administrative costs of patenting in complex technologies.
Applying these hypotheses to our spcification it may be shown that Hypothesis 1 implies that β OC < 0, Hypothesis 2 implies that β C + β OC × O i,t + β AC × A i,t > 0 and Hypothesis 3 implies that β O > 0.
Descriptive Statistics for the Sample
Our dataset consists of 173, 448 observations of firms patenting in specific technology areas in a given year and covers the period between 1978 when the EPO began operating and 2003. We excluded small patentees from the sample using two criteria: first, we excluded all those patentees with fewer than 10 patent applications over the entire period. Second we excluded those patentees who had fewer than three years of positive patent applications in a technology area in the fifteen years after 1987. These criteria are used to exclude firms that do not have a long term patenting strategy. Only patentees with a longer patenting horizon will be affected by changes in technological opportunity, or the degree of blocking over time. Table 2 provides information about the structure of our panel data. In total there are 2074 different firms left in the panel. The average size of these firms' patent portfolios in 2003 was 628 patents resulting from an average of 37 patent applications per firm and year across all technology areas.
We treat firms operating in several technology areas as separate observations in each area. Hence, our panel structure is not defined over firms' total patent applications per year (firmyears) but over firms' annual patent applications within specific technology areas (firm-areayears). We do this to control for area specific patenting behavior of individual firms and its relation to area characteristics like complexity. Where we use panel data, the panel is unbalanced due to entry and exit of firms into technology areas. The lower half of Table 2 shows that our sample covers on average 55.8% of the yearly mean of 2594 annual patent applications filed within a technology area. As our sampling strategy is focused on large patentees it is not surprising that the share of firms we cover in our analysis is smaller with about 24.8% of all patentees at the EPO between 1978 and 2003 (see Table 2 ). Table 3 presents descriptive statistics on the firm-area-year level. It shows that most firms in the sample patent relative broadly across technology areas: While the number of patent applications within a given technology area is relatively low with 5.43 application per year firms are active in 8 or 9 different technology areas. The large dummy splits firms almost exactly into the largest and smallest firms in the sample. The average technology area contained about 18.5 Triples in a given year -however the distribution is skew with a median of 5 and a maximum of 166 Triples (observed in Telecommunications in 2000). The level of non patent references in the average technology area is 1.151. Table 3 also contains information about sample statistics for the year 1992, after which patent applications increased markedly as Figure 3 shows. A comparison of sample means (upper part of Table 3 ) and means for 1992 (lower part of 3) shows that firms patent in more areas, face more Triples and generate fewer non patent references after 1992 than before. This confirms what we have shown in the previous section.
Results
In this section we present our empirical results and discuss to which extent we find evidence for our hypotheses derived from our model of patenting behavior. We start by estimating a basic specifications which is gradually extended to include all interaction terms introduced in Equation 18. Table 4 presents results of system GMM estimators using forward deviations transformations (Blundell and Bond (1998) , Arellano and Bover (1995) and Alvarez and Arellano (2003) ).
15 Reported standard errors are based on two step estimators using the correction suggested by Windmeijer (2005) . Tests for first, second and third order serial correlation (m1-m3) indicate presence of first and second order serial correlation. In all specifications we instrument predetermined variables with third order lags and endogenous variables with fourth order lags. Instrument sets are collapsed in order to reduce the number of instruments used.
Specification GMM A contains the lagged dependent variable, measures of technological opportunity (NPR), complexity (Triples), the breadth of a firms' activities within the patent system (Areas), a dummy for the size of a firms' patent portfolio (Large) as well as dummies for the year and the main technology area of a firm. Additionally, GMM B contains a corrected measure of fragmentation. Hansen tests for both specifications reject their validity.
In contrast, specification GMM C allows for interactions of our complexity measure (Triples) with the lagged dependent variable and with the measure of technological opportunity (NPR). This specification performs much better, the χ 2 statistic being much lower than for the previous specifications.
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In specification GMM FULL Fragmentation is interacted with the complexity measure, to capture the expectation that fragmentation of patent portfolios is costly in complex technologies. The specification represents another improvement over the previous in terms of the Hansen test. Finally, specification GMM L includes interactions which test the effects of firm size on non patent references. This specification performs best of all, the Hansen test does not reject the model. We find that greater technological opportunity raises patenting levels. This effect is highly significant across all estimated specifications (see Columns (1) to (5) of Table 4 ). Degrees of freedom 4 4 5 5 5 * p<0.05, ** p<0.01, *** p<0.001
1. Asymptotic standard errors, asymptotically robust to heteroskedasticity are reported in parentheses 2. m1-m3 are tests for first-to third-order serial correlation in the first differenced residuals.
4. In all cases GMM instrument sets were collapsed and lags were limited.
The inclusion of the interaction between or measure of complexity (Triples) and technological opportunity shows that the effect differs in discrete technologies and complex technologies. In particular, if the number of Triples in a given area is larger than 37 (in specifications (3) and (4)) or larger than 40 in specification (5) of Table 4 , the overall effect from increasing technological opportunity is negative as β O + β OC × C i,t < 0. This finding supports our Hypothesis 1 that increasing technological opportunity reduces patenting efforts in complex areas. As Table 1 shows the average number of Triples for 5 of the technology areas in our sample is higher. For Audiovisual technology and Optics it is always the case. In case of larger firms the predicted effects of complexity already arise when the number of Triples is above 4. This is always the case for 9 technology areas in our sample. This effect is further strengthened for large firms as Table  4 . Since β O + β OC × C i,t > 0 for areas with fewer Triples (even in the case of large firms) Hypothesis 3 can not be rejected.
With regard to complexity we find that firms' patenting levels increase significantly in response to greater complexity (see Columns (3) to (5) of Table 4 . The coefficient on Triples is positive and greater than that on the sum of interactions of Triples with Non patent references and the lagged Patentcount. Therefore, we cannot reject Hypothesis 2. Additionally, we find weak evidence that suggests fragmentation (measured as proposed by Ziedonis 2004) of patent ownership affects firms' incentives to patent in complex technologies.
In a next step, we test the robustness of our results using alternative GMM estimators.
Results from these robustness tests are reported in Table 5 . Here, we vary size of the instrument set and the estimator used. All models reported in Table 5 are estimated using forward deviations and reported standard errors are based on the Windmeijer correction as previously. The models presented differ in the number of overidentifying restrictions employed as well as assumptions about the correlation of the explanatory variables with fixed effects. The four models reported in the central part of the table allow for correlation between all explanatory variables apart from Triples with fixed effects. In the two specifications on the right side of the table we assume that subsets of the explanatory variables are uncorrelated with fixed effects. Additionally, Table 7 (Appendix B) provides results from OLS on the pooled sample and from fixed effects regressions. These results are known to be biased due to inclusion of the lagged dependent variable. However, they provide lower and upper bounds on the values of the lagged dependent variable for GMM (Bond (2002) ). We find the coefficient of the lagged dependent variable in the models GMM C and GMM FULL lies within the range given by results of OLS on a pooled sample and a fixed effects model. In case of GMM L the coefficient of the lagged dependent variable is marginally greater than the results of OLS estimation.
The number of observations in our dataset implies that T /N → 0. Therefore, a systems GMM estimator (Blundell and Bond (1998) ) using forward deviations is asymptotically consistent (Alvarez and Arellano (2003); Hayakawa (2006) ). We employ the estimator as the persistence of the patenting series is very high in our sample: the coefficient on the lagged dependent variable in an AR1 model with time and primary area dummies is 0.92. * p<0.05, ** p<0.01, *** p<0.001
3. Hansen is a test of overidentifying restrictions. It is distributed as χ 2 under the null of instrument validity, with degrees of freedom reported below.
4. In all cases GMM instrument sets were collapsed and lags were limited. Blundell and Bond (1998) note that a difference GMM estimator will be affected by a weak instruments problem in this context. Specification DGMM L reported in Table 5 , estimated by difference GMM, does not suggest this problem is severe here. The coefficient on the lagged dependent variable is somewhat above that reported for the comparable systems estimators. It is also significantly above the coefficients from the OLS regressions reported in Table 7 . Therefore, we focus our analysis on the results from the system estimators. The substantive results provided by the difference estimator are the same as those from the systems estimators. In all models reported in Table 5 the instrument sets were collapsed 17 and instrumenting lags were limited as described below. This was done as the Hansen test and difference in Hansen tests rejected the overall instrument sets as well as individual instruments where larger instrument sets were employed. Specification SGMM L2 illustrates how sensitive the Hansen test is to the size of the instrument set here. This specification is identical to SGMM L, we just allow for an extra lag on the instrument sets for the endogenous variables in this specification.
The specification is rejected by the Hansen test. All models reported in Table 5 contain the following explanatory variables: Non patent references, Triples, Fragmentation, Area count, Large dummy and the lagged dependent variable as well as interactions of some of these variables. We consider Large and Area count to be endogenous as they reflect decisions about how widely and where to engage in research which may be contemporaneous with decisions determining the level of patent applications. We consider the remaining variables to be predetermined since they depend in large part on the aggregated decisions of rival firms. Finally note that we include only year and primary area dummies as well as Triples in the levels equation as it is likely that the fixed effects are correlated with differences in the remaining explanatory variables. Triples is the only variable that reflects purely technology area specific characteristics which may be assumed to be orthogonal to firm specific effects.
We estimate two models in which we treat Fragmentation (GMM F) and Non patent references (GMM NPR) as uncorrelated with fixed effects. Results from the Hansen tests for both specifications reported in Table 5 show that these models are clearly rejected.
Our preferred models are reported as SGMM MIN and SGMM L in Table 5 . In SGMM MIN we restrict the number of instruments such that the model is just overidentified. Hayakawa (2006) argues that such a minimum instruments specification is unbiased in settings where T is fixed and N → ∞. Specification SGMM L includes one additional lag for the endogenous variables. Results from these two specifications are statistically indistinguishable.
Based on this specification Table 6 provides effects of changes in complexity (Triples), technological opportunities (Non patent references) and fragmentation for patenting rates in 17 Collapsing instrument sets reduces the number of moment conditions used for GMM (Roodman (2006) Second, the coefficient on the interaction of Non patent references and Triples is negative.
The overall effect of additional Non patent references on patenting becomes negative if there are more than 42 Triples in a technology area. As Table 6 shows the effects of increases in Non patent references on the level of patenting are substantial in the technology areas we identify as complex. These findings show that Hypothesis 1 cannot be rejected. Turning to Hypothesis 2 we find that the coefficient on Triples is positive and greater than that on the sum of interactions of Triples with Non patent references and Patentcount t−1 . This shows that greater blocking complexity and therefore greater complexity of a technology area increase firms' levels of patenting. Table 6 shows that this result generally holds at the median and at the mean for large firms in complex technology areas. In these areas the mean of Patentcount t−1 and Triples is often significantly greater than the median, indicating that the mean firm is usually a large firm. We view these results as supporting Hypothesis 2.
Interestingly, Table 6 also shows that the effect of Fragmentation on firms' patenting efforts in complex technology areas is positive and quite heterogeneous. Also, Fragmentation has a negative effect on patenting in discrete technology areas. The positive effects for complex technology areas support the findings of Ziedonis (2004) and Schankerman and Noel (2006) who show that additional fragmentation of patent ownership increases patenting efforts in the Semiconductor and Software industries in the United States.
Finally, our results on the interaction of the lagged dependent variable with Triples indicate that the persistence of patenting decreases as technology areas become more complex.
This suggests that patentees are more responsive to their competitors' patenting behavior in complex technology areas than in discrete technology areas.
Conclusion
Patent applications have been increasing steeply at the USPTO and the EPO since 1984 and 1992 respectively. In both cases these increases have raised questions about the operations of the affected patent offices as well as effects of these trends on economic activity more generally (F. (2008)). There is strong evidence by now that patenting has increased in response to evolution of the legal environment, specifically in the United States, to changes in the management of R&D and patenting, and to increasing complexity of technology and more strategic behavior of patent applicants (Kortum and Lerner (1998); Hall and Ziedonis (2001) ; Ziedonis (2004) ). The contribution of technological opportunity to current patenting trends and its interaction with other determinants has been less well understood.
Our model is one of the first to consider the effect of complexity and of technological opportunity jointly. Moreover, the model encompasses discrete and complex technologies, providing predictions for patenting behavior in both types of technology. We show theoretically that greater technological opportunity will raise patenting in discrete technologies but will lower it as technologies become increasingly complex. Additionally, we show greater complexity of technologies raises firms' patenting levels.
Using data on patenting in Europe we find that patenting behavior conforms to the predictions of our theoretical model. Most importantly our results demonstrate that variation in technological opportunity has had important effects on firms' patenting levels in Europe. Our data show that increased technological opportunity during the early 1990's retarded the onset of the patenting explosion that is observable after 1994. We also show that greater complexity of technology has positive effects on patenting levels. Finally we confirm that greater fragmentation of patent ownership had positive effects on patenting levels as suggested by Ziedonis (2004) .
To test our model we derive a new measure of complexity of blocking relationships in patent thickets. This measure exploits information on critical references to capture mutual blocking between the patent portfolios of firms contained in European patent data. Using the measure we are able to confirm that blocking is a much more serious problem in complex technology areas than in discrete technology areas. We also exploit information on critical references to provide a sharper measure of fragmentation than has been available using data from the USPTO. Using this measure we confirm the effects of fragmentation which are strong in some complex technology areas. Finally we make use of references to non patent literature to measure technological opportunity.
With the help of our measures of complexity and technological opportunity, we are able to show that patent thickets exist in nine out of thirty technology areas at the EPO. Our data indicate that the extent of patent thickets at the EPO has been increasing in recent years. These increases are concentrated in complex technology areas (Hall (2005) and von Graevenitz et al. (2007) ). Resulting increases in transactions costs affect exactly those technologies that have been central to large productivity increases in the recent past Jorgenson and Wessner (2007) . Extended "patent wars" may threaten this source of productivity gains in the long run. In future work we therefore intend to investigate whether strategic patenting has measurable effects on the productivity of firms' R&D investments and how the decision variables of patent offices (fees an administrative rules) might be used to influence patent filings.
While we provide some evidence on the level of complexity of blocking relationships in specific technologies here, open questions remain. In future work we intend to investigate to what extent technology areas have become more complex over time. Using extensions of the complexity measure introduced here we will seek to characterize these trends in greater detail than was possible here.
Our findings on the effects of technological opportunity raise interesting questions about the relationship between patent breadth, the fecundity of research areas and firms' R&D investments. We find that the contest for patent rights becomes more intense as the level of technological opportunities decreases if a technology is complex. This raises the question how firms' incentives to patent more intensively interact with incentives to undertake basic research which might stem the reduced fecundity of these technologies. At a more fundamental level the findings indicate that research into the relationship between technological opportunities and R&D is important if we are to understand the welfare implications of recent patenting trends better.
A Robustness of the Theoretical Model
As noted in Section 2.1 it may be the case that not all facets of a technology opportunity receive patent applications.
The average number of patent applications per technology opportunity (F ) is:
Using probability theory it can be shown that the number of facets not receiving any patent applications is:
Therefore in a model in which the number of facets receiving at least one patent application matters we have:
Using this alternative definition of s i it can be shown that the Propositions derived in Section 2.2 hold as long as 1 − e −1 >F F . This constraint is easily met if N is large.
To see how this statement is arrived at consider the first and second order derivatives derived in Section 2.2. Note that all that has changed is the definition of s i . Given the definition of s i from equation (21) we have: We classified the 30 technology areas as complex or discrete attempting to replicate the classification of Cohen et al. (2000) .
B Robustness of the Empirical Model

